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ABSTRACT

We describethe AT&T recognitionsystemusedin the Large
VocabularyConversationalSpeechRecognition(LVCSR-2000)
evaluation. It is basedon multi-passrescoringof weightedFi-
nite StateMachines(FSMs)usingprogressively moreaccurate
models.Thefinal stages,whichprovidehighestrecognitionac-
curacy, usecombinedoutputsof several modelsthat werede-
signedsothatthey areasdifferentfrom eachotheraspossible.
Acousticmodelsusedin the systemvariedalongthreediffer-
entdimensionsaimedat providing maximally differentacous-
tic models:genderdependency, cepstralvariancenormalization
andtriphonevs. pentaphone.We usedsix out of the total of
eight possiblecombinationsof model features.The last steps
usethe outputsfrom all the modelsto improve the Maximum
LikelihoodLinear Regression(MLLR) adaptationstepandfi-
nally the recognitionresultswith the adaptedmodelsare all
usedto provide the singlebestcombinedrecognitionhypoth-
esis.

1. INTRODUCTION

Large Vocabu-
lary ConversationalSpeechRecognition(LVCSR) evaluations
aretheresultof thelong-termeffort to improve therecognition
accuracy of truly spontaneousconversationalspeechrecorded
over thetelephone.

Thetrainingdataandtheevaluationdataconsistof partsof two
databases.The Switchboard databaseis a collection of con-
versationsbetweensubjectson a predefinedtopic. The Call
Home databaseis a collection of conversationsbetweensub-
jectsand their family members/friendswith no constraintson
thetopic. Althoughthereis anorderof magnitudemoreSwitch-
board trainingdata,thereis thesameamountof evaluationdata
from thetwo datasets.

The combinationof unconstrainedtopic andvocabulary, lim-
ited bandwidth,network distortions,environmentnoiseandthe
spontaneityof speech(including all disfluenciesthat occur in
spontaneousspeech),resultin relatively low recognitionaccu-
racy rates,despitethe ability to usemulti-passstrategiesand
allowing non-real-timescenariosfor off-line recognition.

We report on many improvementsto our systemsince the
LVCSR-98evaluation[4]. In particular, we describetheways
to combinerecognitionresultsobtainedwith differentlytrained
acousticmodels(bothword latticesandone-bestresults)to im-
proverecognitionresultsrelativeto thebestachievedresultwith
any of theavailablemodels.

2. ACOUSTIC TRAINING DATA
Theofficial trainingsetis opento any publicly availablespeech
and text data. However, in practice,most sitesparticipating
in the evaluationsuse the original collectionsof recordings
from the Switchboard database(Switchboard 1). Switchboard
2, which are the more recentrecordings,are reserved for the
evaluationdata. In addition,a predefinednumberof recorded
Call Home conversationsareincludedin thetrainingdataset.

Therecordingswereoriginally donein stereo,with eachchan-
nel correspondingto one side of the telephoneconversation,
recordingthe completeconversation. In order to train acous-
tic models,lexical transcriptionandsegmentationinto turns is
required,togetherwith a dictionary for the words in the tran-
scriptions.

In the past,we obtainedsuitabletranscriptionsandsegmenta-
tion into turns form BBN, but this coveredonly someof the
training data. For this evaluationwe mostly usedthe segmen-
tationsand transcriptionsfrom the effort at MississippiState
University (MSU) to clean-upthe Switchboardtranscriptions,
asavailablein November, 1999.More specifically, we usedall
of thecleaned-upconversationsprovidedby MSU, or we used
theoriginal BBN transcriptions,or if neitherwasavailablewe
usedthe transcriptionsprovided by MSU, but which had not
beencleaned-up.We usedtheMSU versionof thepronlex dic-
tionary, augmentedby thefew wordsthatappearedin thetran-
scriptions,but werenotpartof thedictionary, resultingin theto-
tal of 45642lexical items.Weused2245conversationsidesthat
werecleanedup at MSU, 1331conversationsidesasprovided
to usby BBN in 1997,and999conversationsidesprovidedby
MSU, but that werenot cleaned-up.In additionwe used234
conversationsidesof Call Home data.No attemptwasmadeto
improve thequality of the transcriptionsor segmentationsinto
turns in any way whatsoever. A few conversationsideswere
eventuallydiscarded,astherewasinsufficient datato success-
fully performadaptation,andthuscouldnotbeusedin training
involving adaptation.

3. LANGUAGE MODELS
Weusedtwo kindsof languagemodels(LMs) in theevaluation.
The first was a smallerand simpler 3-gram languagemodel
which wasusedin all of therecognitionpasses.Thelargerand
morecomplex 6-gramlanguagemodel(andtheadaptedversion
of the same)was only usedto rescoreexisting word lattices
which weregeneratedusingthe3-gramlanguagemodel. This
is achieved by taking theword latticesgeneratedat a recogni-
tion/rescoringpasswhichhavecombinedacoustic,durationand
languagemodelcostsat every word arc, removing the3-gram
languagemodelcostandreplacingit by the 6-gramlanguage



AdditionalLM TrainingData
Show Source No. words Type
SoapOperas 4.5Million ClosedCapt.
All My Children http://members.tripod.com/˜LauraAMC
Another World http://members.tripod.com/176LauraAW
General Hospital http://members.tripod.com/176GHTranscripts
One Life to Live http://members.tripod.com/176LauraOLTL
Port Charles http://members.tripod.com/176PCTranscripts
Friends http://www.geocities.com/Hollywood/9151 141K Transcripts
Sabrina the Teenage Witch http://www.bccnet.force9.co.uk/transcripts/ 243K Transcripts
Real Hollywood Talk http://www.universalstudios.com/unichat.30/newchat/transcripts 1.3Million Transcripts

Table1: Sourcesfor Additional trainingDatafor Improving LanguageModels

modelcost.

The languagemodel usedin the recognition/rescoringpasses
was a simple Katz backoff 3-grammodel, basedon training
from threesources:Switchboard transcripts(3.5M words),Call
Home transcripts(.3M words),andBroadcast News transcripts
(165M words). Thecontributionsof the trainingdatafrom the
threesourceswereeffectively weightedin a ratio of (1:1:.15).
The 3-grammodelwas shrunken using the techniqueof Sey-
moreandRosenfeld[1], giving amodelwith 497855statesand
1554689arcs(456421-grams,4522122-gramsand5589793-
grams).

For trainingthe larger, recoringlanguagemodel,in additionto
thetrainingtext usedfor thefirst passmodel(from Switchboard,
Call Home and Broadcast News), transcriptsfrom varioustele-
visionshows wereadded,asshown in Table1.

Using this additionaldata,a 6-grambackoff languagemodel
wascreated,with 9.2M states,18.6M arcs,anda perplexity of
95onadevelopmenttestset(456421-grams,12381092-grams,
24313133-grams,7748444-grams,1795455-gramsand28717
6-grams).

In the final pass,after rescoringlatticeswith this 6-gramlan-
guagemodel, the LM scoreswere further adjusted. For each
conversation,all thewordsin thebestpathtranscriptionsof all
turnswerecollected.For eachword,a weightingfactorwasas-
signedbasedonthelikelihoodthatawordwill appearmorethan
oncein a conversation. The word latticeswere thenrescored
with eachcandidatewordarcLM costmultipliedby this factor.

More specifically, we adopteda minimal approachto trigger
word modeling,namelymodelingthe likelihoodthata word is
its own trigger(thelikelihoodthathaving seenawordoncein a
conversationthatsameword will beseenagain).To modelthis
effect we addto eachword in the6-gramrescoredword lattice
a word-boostingfactor, basedon the numberof conversations
in which that theword appearsmorethanoncein Switchboard
andCall Home training transcriptions.The boostingfactor is
estimatedasFW2 / FC2, whereFW2 = the countof the word
occurringmorethanoncein a conversationin thetraining,and
FC2= thenumberof conversationsthattheword appearsmore
thanoncein the training. This boostingweight is normalized
by theoverall word frequency andthenumberof conversations
(sincethis is alreadyaccountedfor in thelanguagemodel). To
usethis weighting,for eachconversation,the the setof words
in the bestpath for all the segmentsis determined.Then for
eachsegment,eachword in the word lattice is reweightedby
the boostingweightsfor this word set; words not in the best

LanguageModel WordError Rate(%)
3-gram 44.0
6-gram 42.9
6-gram+ TV shows 42.6
6-gram+ TV shows + adaptation 42.5

Table2: LanguageModel Improvements

patharenot reweighted.Note,thisword-boostingdoesnotpre-
serve theprobability interpretationof the languagemodel,and
indeed,the boostingwasscaledby a factorselectedbasedon
explorationswith variouslanguagemodelsfor thedevelopment
test set. The improvementin word error rate from this word
boostingon the developmenttest set is small (0.0-0.2%)and
doesn’t seementirelystable.

The overall improvementsobtainedwith more advancedlan-
guagemodels(size,complexity or amountof data)on a devel-
opmentsetareshown in Table2.

4. ACOUSTIC MODELS
A totalof six differentmodelsweregeneratedfor LVCSR-2000
evaluation.

The primary model,usedfor all the passesfor generatingthe
final rescoringlatticeswastriphonebased(tri), genderdepen-
dentmodel(GD) trainedon variancenormalized(vn) cepstral
parameters.Therewasonemoretriphonemodelusedin thefi-
nal stageswhich wasgenderindependent(GI), trainedon raw
cepstralparameters(nvn). This model was originally trained
for the LVCSR-98 evaluation. The additional four models
usedpentaphonicrepresentation(penta),two weregenderde-
pendent,the other two genderindependent. Two usedvari-
ancenormalizedcepstra,theothertwo usedraw cepstra.Each
of the model typeswere built using Vocal Tract Normalized
(VTN) [7] [8] cepstralparameters,andSpeakerAdaptiveTrain-
ing (SAT) [9]. All of the new modelsusedtied-covariance
transformations[?] [13]. A total of seven tied covariance
transformationswas used,two for vowels, and one eachfor
fricatives,nasals,stops,trills+glides,andsilence+noises.The
labelswe usefor the six modelsare: tri GD vn, tri GI nvn,
pentaGD vn,pentaGD nvn, pentaGI vn, pentaGI nvn.

Tree-basedtop-down clusteringwasusedfor determiningstate
tying. The contextual spanof questionsusedin building the
treesdefinemodelsastriphonic or pentaphonic,dependingon
whetherthequestionsextendedto onephonemebeforeandone
phonemeafteror two phonemesbeforeandtwo phonemesafter,



respectively.

Genderdependency impliesthatonemodelwastrainedonly on
thedatafrom speakersof onegenderandtheotheron thedata
from speakers of the other gender. Originally, this was true,
whenwe built modelson a subsetof thetrainingdata.We then
usedthosemodelsto determinethe genderautomaticallyfor
eachconversationsidebasedon total acousticlikelihood. The
samemethodwasalsousedin theevaluationin thefirst pass,to
determinegenderof thespeaker in eachconversationside(al-
waysassumingthat thereis only onespeaker perconversation
side).Wenever measuredtheaccuracy of theautomaticgender
determination.

Variancenormalizationof cepstralparameterswasperformedin
thefollowing way. Wefirst definedthetargetvariancesfor each
speaker by finding the averagestandarddeviation acrossall
conversationsidesin the training data,usingonly non-silence
frames.Thesetwelve averagestandarddeviationssquared(one
for eachof the twelve cepstralcoefficients)becamethe target
variances.For eachof theconversationsideswethencomputed
the variancesfor all non-silenceframes,for eachcepstralpa-
rameter, andscaledeachof theparameterssothatthenew vari-
ancesmatchthetargetvariances.Thealgorithmfor determining
non-silenceframeswas very simple: startingfrom beginning
andthe endof the utterance(turn) every framewhoseenergy
wasbelow -20.0,up to thefirst framewhoseenergy wasabove
-20.0,wasconsideredsilence.In additionany framein theturn
whoseenergy wasbelow -40.0wasalsoconsideredsilenceand
wasnot usedin computingthevariances.Thesamealgorithm
wasusedin both training andevaluation. This algorithmwas
comparedto usingacousticmodel provided segmentationsto
determinewhicharenon-silenceframes,andit provideda0.1%
reductionin errorrate(absolute)on adevelopmentset.

All modelsalsousedconversationsidebasedcepstralmeansub-
tractionin trainingandtesting.

In additionto thebaselinemodelusedin thefirst passto gener-
ateword latticesfor rescoring(tri GD vn) all themodelsonly
hadtwo versions:VocalTractNormaliation(VTN) trainedand
Speaker Adaptive Training (SAT) trainedmodels.We first de-
terminedVTN factorsfor eachconversationsidein thetraining
datausingthe baselineGD model,andgeneratedcepstralpa-
rametersbasedon thoseGD VTN factors. In order to do the
samefor the GI models,we traineda tri GI vn modelon the
minitrain dataset (every fifth conversationside from the full
trainingset)andestimatedGI VTN factorsandgeneratedcep-
stralparametersbasedon thoseGI VTN factors.VTN factors
areestimatedbyperformingforcedalignmentonreferencetran-
scription for a conversationsideusingcepstrageneratedwith
the full rangeof VTN factors. The alignmentwith the high-
estlikelihoodscoredeterminedtheVTN factor. We usedrange
of 0.9 - 1.1 for GD modelsand0.8 - 1.18for GI models,with
incrementsof 0.02.

TheSAT modelsusedVTN modelsasseedmodels,andall used
Maximum Likelihood Linear Regression(MLLR) adaptation
[6], [10] with seventransformationswhichexactlymatchedthe
seventied-covariancetransformationsin termsof allocationsof
gaussiansin the acousticmodelto oneof the transformations.
Only thetri GI nvn built for theLVCSR-98evaluationwasdif-
ferent,usingfive transformationsin training,with gaussianal-
locationsdeterminedby k-meansclusteringof gaussianmean
valuesin themodel.

All triphonemodelshadapproximately10kstateswith 12mix-
ture componentseach,making a total of approximately27k
three-stateleft-to-rightHMMs. Thepentaphonemodelsranged
in sizefrom 12.5kstatesto 15.5kstateswith 12 mixturecom-
ponents,makinga total of 125kto 155kthree-stateleft-to-right
HMMs.

5. LEXICAL MODELS
Weprimarily usedPronLex-basedlexiconprovidedby MSU as
available in Nov. 1999. Therewere about45k words in the
lexicon,but morethan5k wereremovedfrom thefinal wordlist
asthey weredegeneratein someway (spellingstrying to match
mis-pronunciations,truncatedwords,etc.) We alsoaddedmul-
tiple pronunciationsto the PronLex systemusingthe methods
of theWS97PronunciationModelingteam[2], namely:

1. phonetically transcribing the training set w/ an ICSI
decision-treebasedpronunciationmodel

2. culling frequentlyseenalternativepronunciationsin these
transcriptionsand adding them to the baselinelexicon
alongwith their relative frequencies

6. SYSTEM ARCHITECTURE
Therecognitionsystemusedin theLVCSR-2000evaluationis
basedon a cascadeof rescoringof word lattices[5] usingpro-
gressively moreaccuratemodels.Therearemany distinctsteps
in the recognitionprocess.We will describethe overall strat-
egy first. Later we will defineeachof the individual stepsto
completethedescriptionof thesystemarchitecture.

Theoverall systemstructurecanbeseparatedin threesteps.

� Thefirst stepusesasmallacousticmodelto generateword
latticesof suitablesizeandaccuracy for furtherrescoring
andperformsgenderdeterminationfor eachconversation
sidein thetestset.

� Thesecondstepusesall of theavailablemodelsto deter-
mine VTN factors,rescoresthe word latticesandgener-
atesoutput word lattices,onesetper model, for further
combininginto a singlesetof recognitionhypothesis.

� The third steptakesthe differentoutputsfrom the avail-
ableacousticmodelsandcombinestheminto a singleset
of hypothesisasthefinal recognitionresult.

Rescoringis theprocesswhichaddsacousticanddurationcosts
to thelanguagemodelcostsin theinputwordlatticeandoutputs
anew wordlatticewith thecombinedcosts.It is importantto re-
memberthateachrescoringstepin all theexperimentsconsists
of two parts: The first part rescoresa word lattice which con-
tains3-gramlanguagemodelcostsby addingacousticanddura-
tion modelcostsandoutputsawordlatticewith combinedcosts;
The secondpart replacesthe 3-gramlanguagemodelcostsby
6-gramlanguagemodelcostsandoutputsa word lattice with
combinedcosts.If only thebestpathis required,it is easilyex-
tractedfrom theword latticethatcontainsthecombinedacous-
tic, durationandlanguagecosts.

6.1. GENERATION OF WORD LATTICES FOR
RESCORING

Thefirst stepwhich generateslatticesfor rescoringwith multi-
plemodelsconsistsof severalpasses.

� Thefirst passperformsrecognitionwith both genderde-
pendentmodelsusing a fully composedsearchnetwork



[3] to outputword latticesasfinite statemachines(FSMs)
to be usedin rescoring,and to simultaneouslyperform
genderdetermination. This is an extremely inefficient
way to performgenderdeterminationandhasbeencho-
senprimarily out of convenience.Themodelwith higher
total likelihoodfor theconversationsideis selected,defin-
ing the genderandword latticesfor rescoring. The out-
put word lattices(FSMs)arestrippedof all thearccosts,
which are then replacedby the 3-gramlanguagemodel
costs. Thosearenow latticespreparedfor usein further
rescoringpasses.Thefirst passusedmodeltri GD vn to
outputwordlattices.Thepruningthresholdswereselected
sothatthelatticeworderrorratewasin the10-15%range
for theSwitchboard portionof theDev-98 dataset.

� Thesecondpassof thefirst stepfindsthebestpaththrough
the latticesfor every speaker/conversationside. They are
usedwith forcedalignmentin selectingtheVTN scalefac-
tors.Weselectthecepstracomputedwith thechosenVTN
scalefactorandusethemin furtherrescoringpasseswith
theGD model.

� The third pass rescoresthe lattices using an acoustic
modelthat was trainedon warpeddata(VTN versionof
thetri GD vn model).

� In theforth passtherecognitionresultfrom thethird pass
(only the bestpath) is usedfor alignmentwith the cep-
stra and estimationof one global transformationmatrix
for MLLR adaptationof theSAT versionof thetri GD vn
model. Theadaptedmodelis usedto onceagainrescore
theword latticesgeneratedin thefirst pass.

� In the fifth passwe usedseven MLLR transformations,
with Gaussianmeanclassesexactly matchingthe tied-
covariancetransformationclassesto adaptthemodel.The
recognitionrun in this pass(not a rescoringpass)using
theadaptedSAT tri GD vn modelis usedto generateeven
sparserandmoreaccurateword latticesfor furtherrescor-
ing steps.

Thoseword latticesarethefinal outputof thefirst stepandwill
beusedfor rescoringwith all of thesix acousticmodelsin the
secondandthird steps.Theadditionalstepof generatingrescor-
ing latticeswith the adaptedmodel reducesthe error rate by
0.3%with theLVCSR-98systemonEval98by reducingsearch
errors. It alsoprovidessignificantlysmallerlatticeswhich im-
provesrecognitionspeedandmemoryusage.

6.2. GENERATION OF WORD LATTICES BY MULTI-
PLE MODELS

The secondstep essentiallymimics the secondthrough fifth
passesof the first step,using the VTN and SAT versionsof
the six available models. There is only one exception. The
modeltri GI nvn continuesto useoneMLLR transformationin
thefifth passasit doesnot usetied-covariances.Theresultof
thesecondstepis a setof word latticeswith combinedacous-
tic, durationand6-gramLM costsfor eachof thesix available
models.

6.3. MODEL COMBINATIONS FOR IMPROVED
RECOGNITION ACCURACY

Thethird stepof therecognitionprocessusesthelatticesgener-
atedwith thesix differentmodelsto generateasinglecombined
hypothesis.

This is achievedin severalpasses.

WordErrorRate(%)
bestsinglemodel 36.90
combinedoutput 35.41
bestsinglemodel(combinedadaptation) 35.75
combinedoutput(combinedadaptation) 34.93

Table3: Combinedmodelimprovements

� Thefirst passcombinesthe latticesby intersection.First
we order the modelsby expectedword accuracy, from
mostaccurateto leastaccurate.Next we intersectall the
latticesgeneratedby thefirst two models.If any of thein-
tersectionsresultin anemptylattice(therewereno com-
monpathsin theoutputsof thetwo models)thanthefirst
modellatticeis kept(or theresultof thepreviousintersec-
tion). The resultof this processis thenusedto intersect
with the output lattice of the next model,andso on, un-
til all six modeloutputshave beenused.This processis
essentiallythesameto theprocessusedin theLVCSR-98
evaluation.

� The secondpassis new in our system. It usesthe one-
bestoutputsof all the modelsand the combinedoutput
lattice (total of seven recognitionhypothesis)as the ref-
erenceoutput for MLLR adaptation,with all of the hy-
pothesishaving thesameweight. Theintuition is thatthe
correctlyrecognizedwordswill be repeatedseven times,
while themis-recognitionswill berandomlydifferent,and
thuswill getlower weight,in essenceproviding a version
of a confidencescore. We thenusethe adaptedmodels
(sevenMLLR transformations,oneMLLR transformation
for tri GI nvn) to yet againrescorethe lattices. We also
performLM rescoringwith theadaptedversionof the6-
gramLM in this pass.

� Thethird passperformsthesamefunctionasthefirst pass
on the resultinglatticesfrom the secondpass. The best
path from the combinedoutput in this passprovides the
final recognitionoutput.

On a subsetof the eval-98 datawe obtainedthe resultsshown
in Table3.

7. LVCSR-2000 RECOGNITION RESULTS
The recognitionresultsfor differentpassesin the first stepof
the recognitionprocessareshown in Table4. It shows word
errorrateseparatelyfor Switchboard andCall Home partsof the
evaluationdata,aswell asthe combinedword error rate. The

WordErrorRate(%)
Model/pass LM CH SWBD Combined
baseline 3-gram 43.8 31.0 37.4
baseline 6-gram 41.9 29.8 35.9
VTN 3-gram 42.1 29.3 35.8
VTN 6-gram 40.4 27.6 34.0
MLLR-1 3-gram 40.1 27.1 33.6
MLLR-1 6-gram 38.6 25.8 32.2
MLLR-7 3-gram 38.2 25.5 31.9
MLLR-7 6-gram 37.9 25.3 31.6

Table4: Thefirst stepof therecognitionprocess



WordErrorRate(%)
Model/pass LM pentaGD vn pentaGD nvn pentaGI vn pentaGI nvn tri GD vn tri GI nvn
VTN 3-gram 33.7 33.4 34.3 34.4 34.6 35.7
VTN 6-gram 32.2 32.1 32.9 33.0 32.2 34.2
MLLR-1 3-gram 31.7 31.7 32.4 32.3 33.1 33.6
MLLR-1 6-gram 31.1 30.5 31.1 31.0 31.8 33.0
MLLR-7 3-gram 30.5 30.4 31.1 31.0 31.7 33.6
MLLR-7 6-gram 30.3 30.2 30.8 30.7 31.4 32.6

Table5: Thesecondstepof therecognitionprocess

WordError Rate(%)
Model/pass LM pentaGD vn pentaGD nvn pentaGI vn pentaGI nvn tri GD vn tri GI nvn
MLLR-7 6-gram 30.3 30.2 30.8 30.7 31.4 32.6
combined 6-gram 29.6 28.9 28.8 28.7 28.6
MLLR-7-combined 6-gram 29.5 29.6 29.9 29.9 30.1 33.4
combined 6-gram 28.9 28.5 28.5 28.5 28.4
combined adapt.6-gram 28.8 28.4 28.5 28.4 28.4

Table6: Thethird stepof therecognitionprocess

resultsareshown for thefirst passwith thebaselinemodel,VTN
model result, and resultsfor the adaptedmodel results,both
whenusing one and seven MLLR transformations.For each
passthereis alsoa resultwhena 3-gramand6-gramlanguage
modelsareused.

The recognitionresultsfor differentpassesin the secondstep
of the recognitionprocessareshown in Table5. It shows the
combinedworderrorratefor eachof thesix differentmodelsin
all of thedifferentpassesof thesecondstepfor boththe3-gram
and6-gramlanguagemodels.

The recognitionresultsfor differentpassesin the third stepof
the recognitionprocessareshown in Table6. It shows com-
binedword error ratefor eachof thesix differentmodelsin all
of the differentpassesof the third stepincluding the resultof
combiningall themodeloutputs.It separatesthesinglemodel
accuracy whenthe modelis adaptedonly on the previous best
outputof thatmodelandwhenit is adaptedon all thebestout-
putsof all themodelsplus thebestcombinedoutput. Only the
resultswith the6-gramlanguagemodelareshown. First there-
sultswith thestandard6-gramLM areshown, andattheendthe
resultswith the adaptedversionof the 6-gramLM areshown.
Also, for the rows marked “combined” the result is basedon
combiningall themodelsin thecolumnsto theleft of thatcol-
umn and the model in that column from the previous row in
the table. The first column is empty to indicatetherewasno
combiningof modeloutputs,thesecondcolumnis the combi-
nationof the first andsecondmodeloutputs,the third column
is thecombinationof thefirst, secondandthird modeloutputs
etc. Theresultsgenerallygetbetterasmoremodeloutputsare
combined.The row marked MLLR-7-combinedshows results
for thesinglemodelwhichwasadaptedusingoutputsof all the
modelsandtheir combinedoutput. Thefirst row is just a copy
of thelastrow from Table5 for comparison.

It is importantnot to observe any of therescoringresultsin iso-
lation. Thereis aninteractionbetweenthemodelusedto gener-
aterescoringlattices,transcriptionusedto performadaptation

of theacousticmodelandthemodelusedto performrescoring,
that can significantlyaffect recognitionresults. For example,
theVTN resultfor tri GD vn in steponeandsteptwo (35.8and
34.6with 3-gramLM; 34.0and32.9with 6-gramLM respec-
tively) are significantly different, and yet the only difference
wasin thelatticesthey wererescoring,eventhoughthelattices
weregeneratedwith differentversionsof the sametri GD vn
model. Thebiggerthechangein thesetupthestrongertheef-
fectson theerrorrate.It canalsobeseenin thedifferencesbe-
tweentheGD andGI resultsfor otherwisecomparableresults.
In theexperimentson thedevelopmentsetwe generallyfound
GD modelsto have the error rate about2.0% absolutelower
thanGI models.Thedifferenceis muchlower in the rescored
resultsastheGI scoreis artificially improvedby rescoringrel-
atively sparserescoringlatticesgeneratedby aGD model.

8. CONCLUSION

WehavepresentedourLVCSR-2000recognitionsystemfor use
in the DARPA evaluationson the Switchboard andCall Home
speechcorpora. The systemconsistsof an initial recognition
stepwhich outputsword latticeswhich are then rescoredus-
ing a largenumberof acousticmodelswhich weredeliberately
trainedto maximizetheir differences.The final stepusestwo
differentwaysto combinesthe outputsby the differentacous-
tic modelsto improve recognitionperformance.Themorecon-
ventionalwayintersectsdifferentmodelgeneratedwordlattices
for improving recognitionaccuracy. Thenew methodusesthe
bestpathsfrom differentmodelsasreferencetranscriptionsfor
performingtheMLLR adaptationandimproving theadaptation
process,similar to what canbe achieved by usingconfidence
scores.Whenthoseoutputsarecombinedby intersectingout-
putword latticesweachieve significantlyimprovedrecognition
resultswhencomparedto any of theindividual modelsalone.
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